Current power management systems face multiple reliability challenges associated with integrating a population of air conditioner (AiCo) loads into future grids. These challenges, such as the AiCo overload issue, result in a substantial discrepancy between supply and demand during the summer peak, and a few power consumers have to bear the pain of switch power brownouts. The main theme of this paper is the engineering application of AiCo control laws considering the flexible tradeoff between power economics and thermal comfort. The recommended AiCo operating temperature should be reproduced according to different micrometeorological environments. The novelty of the study is that the air conditioner temperature is recommended based on probabilistic power flow (PPF) considering high-dimensional stochastic variables. A fast calculation method is presented to solve PPF calculation problems based on singular value decomposition, principal component analysis and a polling method. This experiment aims to obtain different PPF results corresponding to different AiCo operating temperatures. The effectiveness and efficiency of the proposed method are verified by comparing the method with the Latin hypercube sampling algorithm in a 118-bus power system. Numerical tests verify the benefits of nonnegative matrix factorization and the stochastic response surface method (SRSM) for PPF calculations considering high-dimensional stochastic variables.
I. INTRODUCTION
In the summer of 2018, the load of the Beijing power grid exceeded 22.68 million kilowatts, and the cooling load of air conditioners (AiCo) accounted for approximately 50% of that total. The clustering effect of a population of AiCo loads has played an important part in the increase in the peak-valley load difference during hot summer days in China. The airconditioning load deserves attention not only because it is a very large reason for the surge in electricity consumption in summer but also because it is a high-quality demand response (DR) resource. Demand-side management has become a new way to minimize the peak-valley load difference at present. The matching of the DR capacity of AiCo loads with adjacent photovoltaic (PV) power can help build a collaboration between source and demand that is conducive to alleviating the peak shortage in summer and can help absorb PV power.
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To solve the selection problem of the proper AiCo operating temperature, this paper intends to explore the information rules contained in massive high-dimensional time series power data and then establish a state probability model (i.e., probabilistic power flow (PPF)) of power systems with high-dimensional random variables by combining data-driven and knowledge-guided methods. The research results enable in-depth, accurate and refined perception of the influences of hot weather on the operation of power systems in summer, and a proper temperature should be given for different weather scenarios. There are three ways to address this problem: PPF, AiCo control strategies and correlation analysis on power systems and micrometeorological environments.
I first briefly introduce a comparison and analysis of several classic PPF algorithms that have been published before. It was first suggested in 1974 that PPF [1] , which can effectively analyze the probabilistic characteristics of power flow, be used to effectively guide power system operation and planning. The calculation method of PPF can be divided into three categories: the Monte Carlo (MC) method, analytic method and approximation method. With respect to the MC method, the calculation results of PPF in Ref. [2] demonstrated that Latin hypercube sampling (LHS) can effectively improve the efficiency of MC nonsequential sampling using much less CPU time but with very high accuracy. PPF is always followed by a power systems reliability analysis, and the loss of load expectation can be estimated accurately using the above LHS method [3] . Ref. [4] carried out several sets of experiments to test the validity of the Nataf transformation, which combined with LHS, can address the correlation between PV power and random loads for PPF calculation. In addition to the Nataf transformation combined with LHS, which is used for describing the correlation between variables, copulas can be used as another MC method to model the joint probability and correlation of stochastic variables [5] . With respect to the analytic method, there are two representative PPF theories: the cumulant method [6] and the convolution method [7] . The cumulant method is based on the linearized power flow equation, and the weaknesses of this method are that linearization reduces computational accuracy. The convolution method determines the probability density function (PDF) of the output variable through the convolution operation of the PDF of the input variable, and it is very complicated to calculate PPF. With respect to the approximation method, there are two representative PPF theories: the point approximation method [8] and the stochastic response surface method (SRSM) [9] . The point approximation method calculates moments and PDFs of output variables based on coefficients of the Gram-Charlier series and may not achieve good convergence or even convergence at all. The SRSM is an effective measure to calculate PPF based on polynomial chaos expansion and is independent of the Gram-Charlier series. Although the SRSM can solve the problem of PPF with high efficiency and accuracy, the dimension of the input variables has an adverse effect on its solution feasibility [10] . This paper studies the issue of high dimensionality caused by a population of AiCo loads, and dimensionality reduction methods should be developed for the application of the SRSM.
There is one more point that should be addressed; AiCo control strategies for DR programs. The study in Ref. [11] presented a simplified equivalent thermal parameter (ETP) model for AiCo loads, and the results demonstrated that ETP can effectively simulate hourly AiCo loads with very high accuracy. In this research, I intend to outline a framework of AiCo control strategies. Commercial AiCo loads have attracted wide interest, as they can provide high-quality DR services for frequency regulation [12] , and an experimental application for a 30,000 m2 office building was given to illustrate the value of AiCos in ancillary services markets. The investigation carried out by [13] revealed that the cost consumption of industrial buildings with high AiCo loads is heavily influenced by weather conditions, and this research has resulted in a solution of cost savings via efficient scheduling of AiCo usage considering weather forecasting. The pioneering work in Ref. [14] has contributed to my present understanding of the engineering significance of the optimal AiCo control algorithm considering uncertainties in electricity price, outdoor temperature, and external thermal disturbances in a smart grid environment. A number of experiments were performed to check the relationship between temperature settings and energy consumption in Ref. [15] , and the optimal AiCo operating states were sought using the Lagrangian dual method for forecast errors. The optimal control framework of AiCo units was investigated in this field of inquiry in Ref. [16] , and AiCo loads can regulate the primary frequency as a virtual generator in the primary reserve market. AiCo schedules are available in a myriad of educational buildings [17] , and the flexible tradeoff between energy costs and thermal discomfort was considered to be the key technology with regard to the AiCo control law. The thermal energy capacity of buildings can provide response power networks via controlling AiCo units, provided of course that the electricity price is right [18] . Ref. [19] attempted a set of experiments to demonstrate DR benefits in a building, and both stochastic PV outputs and thermal comfort requirements were taken into consideration. Although details of the AiCo control law are discussed in the above existing literature, the issue of the existence of massive amounts of information on AiCo loads should be addressed. More research is still required before the final goal of a flexible tradeoff between power system operation and thermal discomfort can be completed.
This study is also a further step in studying the effect of microclimate (temperature and solar irradiance) on stochastic dynamics of power systems based on my previous works [20] - [25] , and probabilistic theories are used for mathematical modeling of stochastic dynamics of power systems. In Ref. [20] , the effect of temperature and solar irradiance on the optimal allocation of PV power in distribution networks was investigated; however, the effect of microclimate on power loads was ignored. The improved loss factor method can help accurately estimate energy losses considering stochastic characteristics of power loads, and power data collected from an urban area in Guangzhou, China, were used to verify the correctness of the method [21] . Ref. [22] investigated the impact of solar radiation and temperature on ''source-load'' considering the correlation between PV power and heating loads in winter, and the winter season was emphasized. Alongside many winter peaking systems, there are many summer peaking systems. Energy consumption problems are more pressing in summer due to the overload of air conditioning, and this issue is clarified in this paper. I described a technique in Ref. [23] for evaluating the uncertainty of operating characteristics in an actual network (Barry Island) with regard to microclimate factors such as temperature, solar irradiance and wind speed. Owing to the complexity of cobehaviors between generators, I utilized a copula-based approach to articulate the dependency structure of generator outputs. In addition to the complexity of cobehaviors between generators, the high dimensionality of PV generators and AiCo loads is clarified in this paper. The work in Ref. [24] presented a response surface methodology (RSM) to estimate the failure probabilities of the gas supply in an integrated energy system. The model parameters of an RSM are deterministic variables, but the parameters of the SRSM are stochastic variables. It should be noted that when PV power ceases at night, AiCo loads may continue to be high depending on hot weather [25] . Because the majority of heavy industry and commerce loads cease at night, the heavy overload of the power grid exists in the daytime rather than at night. The interdependence of power loads and PV power is problematic in the daytime and is addressed in this paper. The preliminary results shed light on the nature of the stochastic dynamics of power systems but did not furnish any information about the impacts of AiCo operating temperatures on the stochastic dynamics of power systems under different micrometeorological environments. Therefore, further exploration and research regarding these impacts are undertaken here.
The main contributions of this paper can be summarized in the following points. 1) Recommending a proper AiCo operating temperature has great value in engineering applications and popularization significance for power systems. A proper AiCo operating temperature can not only bring about cooperative optimization between AiCo loads and PV generation but also balance the needs of indoor thermal comfort requirements and power grid operating costs. 2) PPF calculation based on the SRSM has proven elusive in extreme cases subjected to the high-dimensionality issue of stochastic variables. To avoid the drawbacks of dimensionality in computation, for the first time, a novel reduction strategy based on nonnegative matrix factorization (NMF) and orthogonal transformation is proposed to produce uncorrelated stochastic variables with low dimensionality from correlated stochastic variables with high dimensionality.
3) The estimation issue of reduced dimensionality is intractable to solve. I propose a dimension estimation method based on singular value decom-position (SVD), principal component analysis (PCA) and a polling method, and this estimation method can ensure computational efficiency and accuracy.
The remainder of this paper is organized as follows. Section I briefly surveys the motivation for a methodology of action. Section II presents key energy issues to be solved. In Section III, I formulate a PV model and an AiCo model. Section IV describes a PPF calculation method considering dimensionality reduction. In Section V, simulations are performed to verify the DR benefit for both thermal comfort and power systems using an IEEE 118-bus system integrated with high-dimensional stochastic variables.
II. ENGINEERING ISSUES
There are many theoretical studies on the use of AiCo loads to respond to the power grid. Unfortunately, there are few applications in the real world in China. It can be said that exemplary significance has more than practical value with respect to DR programs of AiCo units. Even technological revolutions of DR using AiCos may have recently affected industrial and commercial buildings. It is a fallacy to say that residents can implement real-time AiCo responses to grid control strategies. This idea is unrealistic in the current Chinese electricity market environment. However, I can still conduct more practical theoretical research on DR programs of AiCo units. In fact, it is a very good idea to recommend AiCo operating temperatures for local residents according to different micrometeorologies. Residents can follow the recommended temperature to control room temperature. When future DR technology is mature, the temperature recommended by a local power grid will also have great reference value for DR. Notably, micrometeorological factors are the keys to searching for AiCo operating temperatures in this paper. It is evident that the micrometeorological temperature distribution is of paramount importance. In terms of a city, the surface temperatures of different areas have substantial differences, which have a considerable overall impact on the uncertainty of AiCo loads.
As shown in Fig. 1 , even in winter, temperatures vary in different parts of Guangzhou, and the same problems exist in summer. In this paper, high-dimensional random variables refer to different temperatures and are input variables to the SRSM.
III. DESCRIPTION OF SOURCE-GRID-LOAD
Capricious weather can exert dual effects on power flow by affecting AiCo loads and PV generation, as shown in Fig. 2 . When the proportion of grid-connected PV power is high enough, the uncertainty impacts of weather on source-gridload are intensified. Ignoring the micrometeorological correlation between AiCo loads and PV generation causes a deviation in PPF in power system analysis [22] . As a result, one should model PV power to determine the recommended AiCo operating temperature. This finding explains why PV power is an important uncertainty factor in this paper. A description of the micrometeorological models is required before the AiCo loads and PV generation can be described. Details of the micrometeorological models (i.e., solar irradiance and outdoor temperature) are discussed first, and I illustrate the models of AiCo load and PV generation in later sections.
A. MICROMETEOROLOGICAL PROBABILISTIC MODEL
Different styles of probabilistic models should be adapted to solar radiation changes based on geographical area and temporal resolution [26] . Reference [27] demonstrates that a beta distribution can effectively model hourly solar radiation with very high accuracy, and the PDF is denoted as:
where α and β are the shape parameters, is the gamma function, and G and G max (kW/m 2 ) are the current and maximum solar incident radiation, respectively.
The PDF of ambient temperature is assumed to follow a normal distribution [22] :
where T a ( • C) is the current ambient temperature, and µ a and σ a ( • C) are the mean and standard deviation of ambient temperature, respectively. It should be noted that high-dimensional outdoor temperature variables exist with respect to power systems in a city, and their correlation should be modeled using the Pearson linear correlation coefficient, which is denoted as:
where x i and x j stand for two different stochastic variables (i.e., different current outdoor temperatures in different areas), σ (·) is the standard deviation function, and Cov(·) is the covariance function. The Pearson linear correlation coefficient is suitable for normal distributions but is not applicable to nonnormal distributions. To solve problems encountered in modeling the correlation between solar radiation and outdoor temperatures, the isoprobabilistic transformation and Nataf transformation theories in Ref. [4] should be introduced. The isoprobabilistic transformation transforms nonnormal variables into standard normal variables. The Nataf transformation transforms correlation coefficients of original probability distributions to those of isoprobabilistic normal distributions.
where ρ ij is the correlation coefficient between x i and x j , λ ij is the Nataf transformation correlation coefficient, µ and σ are the mean and standard deviation, F(·) is the cumulative distribution function (CDF) of the original probability distribution, (·) is the CDF of the standard normal distribution, and ϕ(·) is the PDF of the standard normal distribution.
B. PV MODEL
HOMER Grid, which is produced by HOMER Energy LLC in USA, is a renowned and proven tool for optimizing the value of behind-the-meter solar-plus-storage and hybrid distributed generation systems [28] . The active PV power can be calculated using equations in HOMER Grid:
where Y PV is the rated capacity of the PV array (kW), f PV is the PV derating factor (%), G T,STC is the incident radiation at standard test conditions (kW/m 2 ), α p is the temperature coefficient of power (%/ • C), T c is the PV cell temperature in the current time step ( • C), and T c,STC is the PV cell temperature under standard test conditions. HOMER uses the following equation to calculate the cell temperature in each time step, and all the temperatures should be converted to Kelvin for the calculation.
where T c,NOTC is the nominal operating cell temperature (NOCT), which ranges from 45 • C to 48 • C, T a,NOTC is the ambient temperature corresponding to the NOCT (20 • C), G T,NOCT is the solar radiation corresponding to the NOCT (0.8 kW/m 2 ), η mp,STC is the maximum power point efficiency under standard test conditions (%), τ is the solar transmittance of any cover over the PV array (%), and α ab is the solar absorptance of the PV array (%).
C. AiCo MODEL
The ETP model in Ref. [11] is applicable for residential and small commercial AiCos, and this model is used here to estimate indoor temperature. When an AiCo is turned on, the indoor temperature of one cooling area at time t can be equivalently reformulated as:
where T room is the indoor temperature ( • C); Q is the equivalent heat rate (W), which is negative for cooling; C is the equivalent heat capacity of one area (J/ • C); R is the equivalent thermal resistance of one area ( • C/W); t is time (min); and t is the time step, which is set to one minute. When the state of the AiCo is off, the indoor temperature of one cooling area at time t can be equivalently reformulated as:
Consequently, the indoor temperature can be controlled by switching AiCo units. When the indoor temperature is greater than the customer thermostat setting, the AiCo is turned on. When the indoor temperature is less than the customer thermostat setting, the AiCo is turned off. In Ref. [11] , the customer thermostat setting is set at 10 • C. However, this value should be recomputed in this paper. A comprehensive study of customer thermostat settings has been undertaken, and customer thermostat settings should be recommended by power grids considering the flexible tradeoff between power economics and thermal comfort.
With respect to thermal comfort, design criteria for spaces in various types of buildings are guided by ISO 7730 [29] . An investigation carried out with ISO 7730 has revealed that the operating temperature ranges from 23 • C ∼ 26 • C in the cooling season. Note that customer thermostat settings can be set at only integer temperatures. The pioneering work in ISO 7730 has contributed to my present understanding of four operating temperatures (i.e., 23 • C, 24 • C, 25 • C, and 26 • C) that are available for recommendation. This paper further explores the power economics issue of power systems using PPF based on the above four operating temperatures, and each operating temperature represents a viable option. To increase engineering feasibility, only one of the above operating temperatures is recommended for different areas in a city corresponding to the current micrometeorological environment.
AiCOCustomer thermostat settings not only change the indoor temperature but also affect AiCo power loads via switching AiCo units. An AiCo power load model is established below:
where p AiCo is the electrical power consumption of an AiCo; T set is the customer thermostat temperature setting, for which a value needs to be recommended after analysis of a power system; and COP is the coefficient of performance, which represents the ratio of the thermal energy output to the electrical power input. In this section, I provided basic models that are necessary for understanding subsequent PLL. Based on the weather, PV and AiCo models, I can simulate the active power of power sources and loads for different customer thermostat settings.
IV. PROBABILISTIC POWER FLOW
First, a novel reduction strategy based on NMF, SVD and orthogonal transformation is proposed to address the highdimensional issue, which can make the SRSM invalid. Second, the statistical eigenvalues of power flow responses are obtained using formula derivation rather than statistical calculation in Ref. [9] .
A. DIMENSION REDUCTION STRATEGY
In this section, I first introduce a reduced-dimension estimation method based on SVD, PCA and a polling method. SVD is used to produce a diagonal matrix S, with nonnegative diagonal elements in decreasing order, and unitary matrices U and T so that:
where V is the covariance matrix of high-dimensional stochastic variables, the size of V is N × N , the size of U is N × N , the size of S is N × N , the size of T is N × N , andhelp N stands for the number of stochastic variables. From this equation, it follows that:
where σ = [σ 1 , σ 2 , . . . , σ N ] represents the diagonals of S, and diag stands for the function of the main diagonal.
To estimate the reduced dimension by reference to PCA, the important coefficients are given by: Note that when i > j, σ i > σ j . From this finding and Eq. (13), it follows that:
where n PCA is the number of low-dimensional stochastic variables after PCA dimension reduction, and w is the threshold value, which is equal to approximately 0.01 by reference to [30] . A polling method is presented to improve the veracity of the statistics of power flow responses via amending n PCA within a certain range. Specifically, for this case, only five integers need polling. That is, K , which is the number of input variables to the SRSM, may equal one of n PCA +[−2, −1, 0, 1, 2]. One should choose as the number of input variables to the SRSM the integer based on which the L2-norm of the mean and standard deviation differences between the SRSM output responses and experimental output samples is the minimum. Remark 1: As described above, the reduced dimension is estimated using a dimension estimation method based on the combined SVD, PCA and polling method. A solution to the problem of reduced dimension is proving elusive in extreme cases with high efficiency and accuracy. The combination of SVD and PCA can ensure the computational efficiency of the reduced dimension, and polling around the PCA solution can further improve accuracy.
Next, I introduce the production method for lowdimensional stochastic variables based on NMF and orthogonal transformation. NMF was first presented in 1999 by D.D. Lee and H.S. Seung [31] and is useful for producing representations of nonnegative data.
NMF is used to produce two nonnegative matrices W and H, such that:
where the size of V is M × N , M stands for the sample size, the size of W is M × K , the size of H is K × N , and ε is noise. NMF makes the resulting matrices easier to inspect and able to generate low-dimensional stochastic variables from high-dimensional stochastic variables, as shown in Fig. 3 .
There are many optimization ways to make W × H approximately equal to V by adding bound constraints. When the distance between the left and right sides of Eq. (15) (such as Euclidean distance) meets the requirements I set, one can stop the iteration of the optimization. This paper resolves NMF with the squared Euclidean distance, and Eq. (15) can be reformulated as [32] : 16) whereŴ andĤ are estimated optimal values of W and H, · 2 F stands for the Frobenius norm function, andV is equal to W × H.
Eq. (16) can be re-formulated using the Kullback-Leibler divergence.
where D ij is an element of D, means the Hadamard product, and ∅ means the Hadamard division.
Multiplicative update rule is used to solve problems (17) , and the Euclidean distance V − WH is nonincreasing under the update
where G(·) is an auxiliary junction, K (·) is a diagonal matrix function, t is the iterative sequence, stands for derivative, F(·) stands the Euclidean distance function, and (·) T means the matrix transpose function. From Eqs. (19) and (20) , I get the following:
Writing the components of Eq. (21) explicitly, I obtain
By reversing the roles of W and H in Eqs. (19) and (20),
To produce low-dimensional stochastic variables using the results of NMF, formulas are given by:
where µ V , the size of which is N × 1, stands for the mean vector of V, X stands for the matrix of low-dimensional stochastic variables produced by reducing the dimension of V using H, and the size of X is M × K . Based on the orthogonal transform in [33] , one can eliminate the correlation of the stochastic variables, and the formulas are given by:
where Z stands for the matrix of low-dimensional stochastic variables with no correlation, and L is a lower triangular matrix via Cholesky factorization. Z can be standardized to obtain standardized normal distributions using:
where E(·) is the mean function, D(·) is the standard deviation, and ξ = {ξ i } K i=1 is the input of the SRSM matrix. Remark 2: From a mathematical point of view, the existence of negative values in the matrix decomposition is correct, but negative elements are often meaningless in actual engineering problems, such as simulating temperature and solar radiation in summer. Therefore, NMF is a significant research issue in this section. Notably, NMF is not applied mechanically but is combined with other formulas or algorithms, such as Eq. (24) and the orthogonal transform.
B. STATISTICAL EIGENVALUE ESTIMATION
There are two ways to address the problem of statistical eigenvalues, which include the PDF, moment, mean and variance of power flow responses. In the first way, the statistical eigenvalues are obtained by estimating the statistics of experimental power flow responses, and this way is available in [9] . The second way consists of a formula deduction method, and the formulas of the deduction method are arranged and introduced as follows. A second-order SRSM is chosen for PPF estimation because it offers fewer coefficients and higher accuracy results [34] .
where y is a power flow response, such as a bus voltage amplitude or a line power flow, and a ij is an unknown coefficient. The number of unknown coefficients in Eq. (29) is
This paper uses the least squares method to structure a surface. Compared with the efficient collocation method in Ref. [35] , the least squares method is more stable because more collocation points are chosen. To illustrate the least squares method vividly, a sketch in Ref. [36] , showing the collocation points for a second-order SRSM with three uncorrelated stochastic variables, is shown in Fig. 4 .
After the unknown coefficients in Eq. (29) are determined using collocation points, the statistical eigenvalues of the power flow responses can be obtained. From these results, I obtain the expectation and variance of a response y, E(y) and V (y) given as
Equation (32), as shwon at the bottom of the next page. How is Eq. (31) derived is elaborated as follows: ξ i is a stand normal variable, so E(ξ i ) is equal to 0. Because the standard deviation of a stand normal variable is equal to 1, E(ξ 2 i −1) = E(ξ 2 i )−1 = V (ξ i )−1 is equal to 0. Because ξ i is not correlated with ξ j , E(ξ i ξ j ) = Cov(ξ i ξ j ) is equal to 0.
C. RECOMMENDED PROCEDURE
The recommended procedure for the AiCo operating temperature is shown below. Note that the sample size of PPF below is less than that of the MC method, and this is a significant advantage of the proposed method. 
V. DESCRIPTION OF SOURCE-GRID-LOAD
These cases are simulated using MATLAB R2013b. The simulation in this paper was carried out at a Dell workstation, whose processor is an Intel(R) Core (TM) i7-7820HQ CPU @ 2.90 GHz, with 31.9 GB of available memory. The value of parameters that are used in Section V are listed in Table 1 .
First, the proposed AiCo model is simulated, and the effect of AiCo operating temperature on PV load is analyzed. Second, an IEEE 145-bus system integrated with highdimensional PV and AiCo variables is simulated, and the effectiveness of the proposed method is demonstrated via comparison with other published PPF algorithms. Finally, the applicability of the proposed method is demonstrated via a proper AiCo operating temperature. The simulation results are reported below. 
A. EFFECTS OF TEMPERATURE CONTROL
This section compares different AiCo operating temperatures to verify the AiCo control benefits in DR. The ambient temperature in July is exported from a monitoring point in Beijing, China, to simulate AiCo operation.
Different AiCo operating temperatures demonstrate the ability of DR to perform a flexible tradeoff between energy costs and thermal comfort. I highlighted the results that show substantial changes in consumption of one AiCo that originated from four different thermal comfort temperatures (i.e., 23 • C, 24 • C, 25 • C, and 26 • C), as shown in Figs. 5 and 6. It is evident that the simulation is in agreement with the actual engineering, and even changing by one • C affects the AiCo electricity load. This finding is the theoretical basis of the following simulation.
B. COMPARISON OF PPF ALGORITHMS
This section compares the proposed method with Ref. [4] , Ref. [9] and Ref. [10] using an IEEE 118-bus system integrated with high-dimensional PV and AiCo variables. Ref. [4] uses LHS rather than the SRSM. The dimension reduction strategy in Ref. [10] is different from that of the proposed method. Ref. [9] cannot be directly applied to this simulation due to the issue of high dimensionality. To achieve comparative validation, the SRSM in Ref. [9] is combined with the proposed dimension reduction strategy. The proposed method estimates statistical eigenvalues using formula deduction, but Ref. [9] estimates statistical eigenvalues via estimating the statistics of experimental power flow responses.
The proposed micrometeorological probabilistic model is used in simulations to produce samples of correlated solar radiation and ambient temperature. The shape parameters of the solar radiation PDF are assigned as α = 0.0417 and β = 0.5963. Fig. 1 reveals that ambient temperature varies with location, and µ a and σ a for sixty-four PQ buses are listed in Table 2 .
The Pearson linear correlation coefficients between the ambient temperatures at the 64 different buses and the solar radiation G are shown in Fig. 7 .
Ten 20-MW PV generators are added at the first ten PQ buses, and fifty-four clusters of AiCo loads combined with fifty-four groups of 1 MW basis parts are set as the power loads at the last fifty-four PQ buses. Each AiCo cluster contains ten thousand AiCo units. When the AiCo operating temperature is set to 26 • C, I can estimate the standard deviations of the voltage magnitudes at the PQ buses using the four methods, as shown in Fig. 8 .
In the simulation above, the sample size of the method in Ref. [4] is five thousand. In essence, LHS in Ref. [4] is an efficient improved MC method. Therefore, the results of the method in Ref. [4] can be used as the correct reference. The results obtained from the proposed method and the methods in Refs. [9] and [10] are almost the same as those of the method in Ref. [4] . This finding indicates that LHS and the SRSM have similar accuracy levels for calculating PPF. Note that the results using the proposed method are closer to the correct reference than those using the method in Ref. [10] . It is evident that the performance of the dimension reduction theory in Ref. [10] is inferior to that of the proposed dimension reduction strategy. The results using the proposed method are slightly inferior to those of the method in Ref. [9] , but the proposed method considers the balance between computational efficiency and solution accuracy. The method in Ref. [9] is affected by the sample size, and the computational stability is poor due to the algorithmic mechanism. The means of the voltage magnitudes at the PQ buses using the four methods are the same, so the simulation results are not displayed or discussed. This simulation demonstrates the ability of the proposed method to perform robust and accurate PPF calculations while suffering from high-dimensional issues.
C. APPLICABILITY DEMONSTRATION
This section demonstrates the applicability of the proposed method in power system operation. I highlighted the results that show PPF changes originating in four different thermal comfort temperatures. The statistical eigenvalues of the total power losses using the four methods are shown in Table 3 , based on which 23 • C should be recommended as the AiCo operating temperature.
As shown in Table 4 , Ref. [4] obtains accurate response statistical eigenvalues using the most time due to a large number of computational samples, resulting in a large amount of computation. This heavy computational task significantly slows down the PPF calculation process. With respect to online PPF, computation time is a matter of the utmost importance. These results are a testament to the efficiency and accuracy of the proposed method.
VI. DISCUSSION
I hope that this AiCo -related method will become a stepping stone for future developments and advancements in terms of demand response. Future work should investigate the best ways to apply the research to practical engineering. Jiangsu Province in eastern China implemented a province-wide electricity demand response using incentive mechanism in 2016, and there are 321 residential AiCo users involved. Hence, demand response incentive mechanism should be designed to apply the research to practical engineering. The proposed method can be implemented depends on the subjectivity of human beings. The correlation among AiCo temperature, incentive mechanism and human subjectivity should be analyzed and modeled, and the study results can help judge the validity of recommended AiCo operating temperature.
VII. CONCLUSION
A novel reduction strategy is proposed in this paper to solve the issue of high dimensionality of correlated random variables. The reduced-dimension estimation method is novel, and the production method for low-dimensional stochastic variables is a newly developed algorithm. This investigation reveals that reducing AiCo temperatures may save energy from the perspective of power grid operation. This finding is different from what people usually believe. All my preliminary results shed light on the nature of the DR, which balances the need for human thermal comfort and the economic operation of the power grid. This fruitful work gives explanation of PPF calculations with high-dimensional stochastic variables, which include populations of AiCo loads and photovoltaic generation. This research is of great significance to the cooperative optimization operation of source and load in modern power systems.
